One sentence summary: Turf, an apparent copiotrophic environment, harbors diverse microbial taxa; the abundances of most taxa from the phylum to operational taxonomic unit level changed nonlinearly along turf development.
INTRODUCTION
Turf, including athletic fields, parks, golf courses, road sides and home lawns, is one of the most popular landscapes worldwide and provides numerous recreational, aesthetic and environmental benefits (Beard and Green 1994; Spronken-Smith, Oke and Lowry 2000; Qian and Follett 2002) . However, intensive use of fertilizers, pesticides, herbicides and irrigation in a mono-cultured turf has raised great concern about the sustainability of turfed landscape. Over past decades, assessment has been made on N loss potential from turf subjected to various management practices (Petrovic 1990; Kaye et al. 2005; Groffman et al. 2009; Li et al. 2013; Lu et al. 2015; Delden et al. 2016) . Still, the soil microbial community, at the heart of ecosystem services and the dominant engine driving C and nutrient cycling, has received less attention . It is unclear how the soil microbial diversity and composition change along turf development.
Turf development is characterized mainly by the build-up of soil organic matter. High productivity and the large partitioning of photosynthetic C to belowground tissues (Kaye et al. 2005) , together with clipping return, contribute to the rapid accretion of organic matter in topsoil. Organic matter may accumulate at a rate of up to 1.0 Mg C ha −1 year −1 during the first 30 years of culture (Qian and Follett 2002) , generating roughly 23-32 Mg soil organic C ha −1 beneath a 30-year-old turf (Bandaranayake et al. 2003) . Soil microbial biomass and activity also increase along turf development, enhancing the rate of organic matter decomposition . As such, soil organic matter accumulation is finite and in different environmental conditions approaches a maximum or equilibrium approximately 20 to 50 years after turfgrass establishment (Qian and Follett 2002; Bandaranayake et al. 2003) .
Resource availability can be an important control of biodiversity. Although the relationships between resource supply and species richness are less consistent over investigations (Waide et al. 1999) , a unimodal one gains more theoretical support, considering the so-called antagonistic selections in heterogeneous environments (Kassen et al. 2000) . This model expects species dominance at low and high resource availabilities, but coexistence at the intermediate level, resulting in a peak in diversity. Such a hump-shaped relationship has been documented for a benzoate-degrading bacterial community via a well-controlled laboratory microcosm investigation (Langenheder and Prosser 2008) . Besides serving as a resource of C, energy and nutrients to sustain microbial growth and activity, organic matter also helps to improve soil structure through aggregation that causes uneven resource distribution, including water and O 2 . Aggregation also helps isolation of otherwise competitive species. This fine-scale soil heterogeneity plays a critical role in promoting high microbial diversity (Zhou et al. 2002; Vos et al. 2013) .
Along turf development, changes in soil properties are often multifaceted and also co-varied. For instance, microbial biomass increased with soil organic matter, and organic matter becomes more recalcitrant as turf ages (Shi et al.2006) . While each edaphic factor influences microbial diversity and composition at its own scale, co-variations usually increase the complexity. This, together with repeated management events, i.e. fertilization, herbicide and pesticide use, irrigation and mowing, may modulate the dependency of soil microbial species richness on resource availability. Our previous work using CLPP and PFLA fingerprinting approaches showed changes in the soil microbial community along turf development, and yet did not provide taxonomic identities . Direct taxonomic examination is essential for understanding microbial ecology of a given ecosystem, in particular for deducing microbial species roles in soil processes and ecosystem functions. In this work, we examined how turf development and associated edaphic factors influenced microbial diversity, community composition, and the abundances of genes putatively involved in N cycling. A focus on N-cycling genes was mainly because the environmental fate of N in turf was of great concern (Chen et al. 2018b ). In addition, bacteria are major players of soil N-cycling, and thus a bioinformatics tool based primarily on the bacterial community for deducing functional gene abundances, e.g. Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) (Langille et al. 2013) , can provide a more representative picture of soil N processes than for other processes mediated by both bacteria and fungi, such as soil C-cycling. However, the abundances of genes encoding extracellular enzymes for soil organic C degradation were still included to help better understand the soil microbial ecology along the turf development. For a comprehensive and systematic evaluation, microbial community in adjacent and unmanaged land was also examined. Highthroughput 16S rRNA gene and ITS region amplicon sequencing were used to interrogate soil bacterial and fungal community, respectively, and a bioinformatics tool, PICRUSt, was employed to derive the abundances of functional genes for N and C transformation processes.
MATERIALS AND METHODS

Turfgrass systems and soil sample collection
Soil samples were collected from four turfgrass systems and surrounding native pine stands in Pinehurst, NC, USA (Supplementary Fig. S1 ). These turfs were constructed in 1907, 1996, 2001 and 2015, respectively, on undeveloped lands, partially cleared of the native longleaf pines (Pinus palustris Miller), and were 109, 20, 15 and 1 year(s) old, respectively, when soil samples were taken. The youngest turf was managed as a sod farm (∼25 ha) and others were 18-hole golf courses. Each golf course occupied up to ∼60 ha of land, but ∼30 ha was turf. Despite their differences in commercial use, all turfs were planted with hybrid bermudagrass (Cynodon dactylon × transvaalensis∼), a warm-season perennial and received N, usually in split applications averaging ∼150 kg N ha −1 yr −1 . Turfgrasses were also fertilized with phosphorus and potassium, and limed to maintain soil pH ∼6.5. Additional standard turfgrass management included mowing, irrigation and chemical control for pests and weeds. Surface soil texture of all sites was similar, i.e. ∼90% sand, 5% silt and 4% clay . We took soil samples from four turfs in January 2016 when Bermudagrass was dormant. Our previous work , in which 24 soil cores were randomly taken from each of four turf sites, showed that within-site variations in soil microbial community were much smaller than betweensite variations, likely due to the homogeneity of soil cover by grasses. Hence, in this work, three soil samples were taken by coring technique (5 cm diameter × 10 cm length) from three randomly selected fairways (or locations) of great distance in each golf course (or sod farm) to represent three replicates. Three soil samples were also randomly taken from a native pine buffer at the 109-year site, which served as a starting point of turf development and also allowed for evaluation of land cover/use impacts on microbial community. Three additional soil cores were further taken from the 109-year turf site in August 2016 when Bermudagrass grew actively; summer samples might help to evaluate how conservative the soil microbial community was compared to community succession over years. Soils were sieved (<2 mm) and analyzed for basic properties including total soil C and N, pH, inorganic N, extractable soil organic C and N, and microbial biomass C and N, according to standard methods described in our previous work (Chen et al. 2018b) .
DNA extraction, amplification and Illumina MiSeq sequencing
DNA was extracted from ∼0.6 g of soil sample using FastDNA Spin Kit for Soil (MP Bio, Solon, OH, USA) according to the manufacturer's instructions and column-purified using OneStep PCR Inhibitor Removal Kit (Zymo Research, Orang, CA, USA).
DNA concentrations were determined (>50 ng μL −1 ) and purity was confirmed by the ratio of absorbance at 260 and 280 nm (260/280 = 1.70-1.90) using a NanoDrop Spectrophotometer (Thermo Scientific, Wilmington, DE, USA).
Bacterial 16S rRNA gene and ITS region were amplified by PCR using the primer pair 16S V3 F319 (5 -ACTCCTACGGGAGGCAGCAG-3 )/16S V4 R806
(5 -GGACTACHVGGGTWTCTAAT-3 ) and ITS1-F KYO2 (5 -TAGAGGAAGTAAAAGTCGTAA-3 )/ITS2 KYO2 (5 -TTYRCTRCGTTCTTCATC-3 ), respectively, with Illumina MiSeq overhang adapters (Toju et al. 2012; Klindworth et al. 2013) . Here, the primer pair targeting ITS1 region was used because it has been proven to generate less taxonomic bias and yet higher coverage than many other primers (Toju et al. 2012) (Chen et al. 2018a ).
Sequence analysis
Demultiplexed paired-end reads were assembled according to the expected amplicon length (430-470 bp for 16S rRNA gene and 180-360 bp for ITS region), and filtered by maximum error rates of 0.5% using USEARCH v9.1.13 (32 bit) (Edgar 2010) . Potential chimeric sequences were detected and removed in QIIME 1.9.1 (Caporaso et al. 2010 ) using USEARCH v6.1.544 (Beta) (Edgar 2010) . Then the resulting gene sequences were taxonomically classified into operational taxonomic units (OTUs) with 0.03 dissimilarity cut-off using QIIME, and yet singletons were excluded since they likely originated from sequencing errors. (Wang et al. 2007 ). OTUs were analyzed for alpha diversity including richness (observed OTUs, Chao1), evenness and Shannon diversity index. Weighted unifrac and Bray-Curtis similarity matrices were used, respectively, for bacterial and fungal betadiversity with distance-based redundancy analysis (dbRDA), i.e. a constraint version of principal coordinates analysis with soil properties as explanatory variables.
Functional genes putatively involved in N-and C-cycling processes were also predicted using PICRUSt (Langille et al. 2013 ), which applies 16S rRNA genes to predict the abundances of functional genes by matching sample OTUs with reference genomes. Bacterial OTUs with genes of specific N-cycling processes were also collected with the metagenome contributions.py script based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) orthology (KO) database. The accuracy of PICRUSt predictions for each soil sample were evaluated using NSTI (i.e. weighted nearest sequenced taxon index), which measures the relatedness of OTUs in a given sample to reference genomes. In general, NSTI scores less than ∼0.17 for soil samples were considered to have reliable predictions (Langille et al. 2013 ) and the NSTI score of our samples was 0.18 ± 0.01 (standard deviation).
Statistical analysis
In this study, a so-called 'space-for-time' substitution approach was used to infer past trajectories of the soil microbial community in turf from current spatial patterns. Given that the four turf sites had similar soil texture, grass species, prior landuse history, climate and management, we considered that these turf sites shared similar environmental conditions and system attributes. Accordingly, differences in the soil microbial community among four turf sites were assumed to capture the effects of turf development. More sites of each age class would improve the power of assessment but likely compromise the assumption of space-for-time substitution if including sites with different soil textures, grass species, land-use histories, climates and management practices. Because the four turf sites had large acreage and were in close proximity ( Supplementary Fig. S1 ), individual fairways, specifically those far away from each other, could be considered as replicates of each age class.
Significance of sample grouping in the ordination analysis was determined using the adonis method in QIIME. Significance of taxon abundances among samples was analyzed with a linear discriminant analysis effect size (LEfSe) method (http://hutt enhower.sph.harvard.edu/lefse/) (Segata et al. 2011) . Beta diversities of different turf ages were compared using the pair-wise test of Permanova method with 999 permutations. Relationships between beta-diversity patterns and environmental data were first examined by RELATE in PRIMER (Plymouth Routines in Multivariate Ecological Research Statistical Software, v7.0.13, PRIMER-E Ltd, UK). Then the significance of individual soil properties for structuring bacterial and fungal communities (i.e. beta diversity) were evaluated using DistLM (distance-based linear models). Pearson's correlation coefficients were also performed to further evaluate relationships between relative abundances of individual taxa and soil properties. Analysis of variance (ANOVA) of a completely randomized design (SAS 9.3, SAS Institute Inc. Cary, NC, USA) was used to assess significant differences in selected soil properties, qPCR copy numbers, and the observed OTUs, Chao1, evenness and Shannon diversity index of 16S rRNA genes, ITS regions and functional genes. Heat maps were made using R-package (R version 3.3.2, a language and environment for statistical computing; R Foundation for Statistical Computing, Vienna, Austria) to show the top 10 most abundant OTUs of each system, their significant differences (P < 0.05) among five systems, and linear and nonlinear variations along the turf development. The MiSeq sequences generated in this study have been deposited in the NCBI Sequence Read Archive (SRA) under the BioProject accession number PRJNA478004. Distance-based redundancy analysis (dbRDA) of (A) bacterial and (B) fungal communities with soil properties as explanatory variables in pine stands and bermudagrass systems of different ages. Fitted and total variations explained by each dimension are given in percentages. Fitted variation represents the variance within the linear model generated by the distance-based linear models (DistLM) analysis, whereas total variation refers to the variance within the original community data. See Table 2 for the abbreviations of soil properties.
RESULTS
Bacterial and fungal communities in pine and turfgrass systems
Bacterial richness (observed OTUs, Chao1) was similar among the five systems examined, but fungal richness (observed OTUs, Chao1) was greater in pine than 1-year turf (Table 1) . Shannon evenness and diversity index also varied among the five systems, and yet only the evenness and index of fungal OTUs were consistently greater in turfs than pine (Table 1) . Distance-based redundancy analysis and main test of Permanova showed that bacterial and fungal communities differed markedly between pine and turfs and also turfs of different age ( Fig. 1 , P < 0.001). Pair-wise test of Permanova also showed that turfs of different age were significantly different ( Fig. 1 , P < 0.05) and turf age effect was mainly nonlinear, with 15-year and 20-year turf being grouped together. Seasonal effect was minor, as bacterial (or fungal) communities in winter and summer samples of 109-year turf were more similar to each other than to pine and other turfs. The similarity of winter and summer samples also supported that within-site variations in soil microbial community were small. Thus, data of the two seasons were combined for later analyses.
The 16S DNA sequences were classified into known taxonomic groups (i.e. phylum, class, order, family, genus and species). Of a total of 117 bacterial taxonomic groups with ≥0.5% sequence abundance, 89 showed differences between pine and turf systems and 53 with varying distributions among turfs ( Supplementary Fig. S2 ). Relative abundances of high-rank bacterial taxa (i.e. phyla and classes) followed four trendlines in relation to land use change and turf age. The first was a constant trendline as for Proteobacteria and Gammaproteobacteria (Fig. 2, Supplementary Fig. S2 ), whose abundances, 30.9% and 5.7% on average, respectively, did not vary with land use change or turf development. The second was a switch-like trendline as for the phyla Acidobacteria and Planctomycetes and the classes Alphaproteobacteria and Betaproteobacteria. Their abundances abruptly decreased or increased following land use change and then remained stable with turf development. The third was curvilinear as for the phyla Actinobacteria and Bacteroidetes and classes Thermoleophila, Actinobacteria and Flavobacteriia, whose abundances were highest or lowest in middle-aged turfs. The fourth trendline was rising-tomaximum or declining-to-minimum as for Nitrospirae or Actinobacteria, a class of Actinobacteria, respectively, whose abundances increased (or decreased) following land use change and then peaked (or was the lowest) in older turfs. These four trendlines also appeared at the OTU level ( Supplementary Fig. S3 ), although not all aligned with the respective phylum and class trendlines. Pine was dominated by OTUs belonging to the phyla, Acidobacteria, Actinobacteria and Proteobacteria, middle-aged turfs by OTUs in the genera Flavobacterium and Flavobacteriumsuccinicans of Bacteroidetes, and youngest and oldest turfs by OTUs in Proteobacteria. Fungal sequences with ≥0.5% abundance were classified into 73 taxonomic groups, of which 48 showed differences between pine and turfs and 27 among turfs of different ages (Supplementary Fig. S4 ). Similar to the bacterial community, the relative abundances of fungal taxonomic groups (phyla and classes) also fell into four trendlines (Fig. 3, Supplementary Fig. S4 ). Ascomycota remained unchanged, accounting for ∼47%, irrespective of land use change and turf development, but Basidiomycota reduced precipitously from pine (41.7%) to turfs (4.5% on average). The phylum Glomeromycota was more abundant in middle-aged turfs than pine, 1-year and 109-year turfs. The trendlines of Eurotiomycetes and Sordariomycetes, the classes of Ascomycota, were in sharp contrast, with Sordariomycetes varying curvilinearly and Eurotiomycetes decreasing to the minimum with land use change and turf development. Such linear and nonlinear variations also manifested at the OTU level ( Supplementary Fig. S5 ). For example, one of the most abundant OTUs in pine belonged to Basidomycota and decreased significantly following land use change from pine to turf.
Gene abundances involved in N and C cycling in pine and turfgrass systems
About 76% of 16S rRNA gene sequences for community structural analysis were suitable for functional gene predictions. This subset of 16S rRNA gene sequences generated community structural patterns similar to those in Fig. 1A , but made richness and Shannon diversity lower in pine than turfs (data not shown), suggesting that a smaller fraction of sequences in pine samples hit the reference database. Accordingly, taxon richness and Shannon diversity involved in N cycling were also significantly lower in pine than turfs (Supplementary Table 1 ). Nonetheless, relative abundances of N-cycling genes showed sharp contrasts between pine and turfs (Fig. 4) . Genes involved in chitin depolymerization, N mineralization, DNRA, assimilatory NO 3 − reduction to NH 4 + , dissimilatory NO 3 − reduction and dissimilatory NO reduction were either comparable between pine and turfs or greater in pine than turfs (P < 0.05). By contrast, genes involved in nitrification, denitrification (e.g. NO 2 − and N 2 O reduction) and N fixation were less abundant in pine than turfs (P < 0.05). Genes involved in nitrification and N fixation increased monotonically following land use change and turf development. Nitrogen-cycling bacterial community compositions also diverged among the five systems (Fig. 5) . For heterotrophs involved in N mineralization and denitrification (i.e. ChiA, nirK, norB and nosZ groups), Acidobacteria, Actinobacteria, Chlorflexi or Verrucomicrobia were more abundant in pine than turfs, and vice versa for Proteobacteria. For autotrophs involved in N fixation, precipitous shifts in relative abundances of taxonomic groups were also clear between pine and turfs. The most striking shifts were community compositions involved in nitrification, with Plantomycetes dominance (88.9%) in pine, and Nitrospirae (42.7%) and Proteobacteria (24.0%) in turfs. Following land use change and turf development, their abundance either exponentially rose to the maximum or declined to the minimum.
There were significant differences (P < 0.05) in the abundance ratio of genes encoding enzymes for soil organic C degradation to genes of total enzyme family (Fig. 6A) , with pine being greatest and middle-aged turf being lowest. Of the examined C-cycling genes, genes encoding enzymes for starch, hemicellulose and cellulose degradation were more abundant than those for pectin and vanillin degradation (Fig. 6B) . The abundance of endoglucanase genes increased after land use change from pine to turf and peaked after a few years of turf development. In contrast, the abundances of genes encoding xylose isomerase (xylA) and polygalacturonase were more abundant in pine, 1-year and/or 109-year turf than the middle-aged turfs.
Soil properties and relationships with microbial community compositions
Soil pH in our study site was mildly acidic ranging from 5.0 to 6.6, but pH in pine was at least 0.9 units lower than that in turfs (P < 0.05) ( Table 2 ). Soil C and N content were also lower in pine and the newly established turf (P < 0.05) and then increased rapidly and peaked about 20 years after turf establishment. Soil inorganic N, extractable organic N and microbial biomass N followed similar trends as soil C and N content along land use change and turf development. However, soil-extractable organic C was not lowest in pine, but rather in the newly established turf. Bacterial and fungal community size, estimated by qPCR, was also lowest in 1-year turf. Soil organic matter and microbial biomass C:N ratios in pine were about 1.6-and 2.0-fold greater, respectively, than those in turfs. RALATE analysis showed moderate (Spearman's rho = 0.38 and 0.41 for bacterial and fungal community, respectively) and yet significant associations (P < 0.01) between the community and soil property matrices. DistLM analysis showed that almost all individual soil properties could explain a significant portion of variation in bacterial and fungal community compositions (Fig. 1) , except for microbial biomass C for the bacterial community (Table 3) .
Among the soil properties examined, soil pH was only correlated with soil and microbial C-to-N ratios (Pearson's correlation coefficient r = −0.95 and −0.88, respectively, P < 0.05). Soil C and N, inorganic N, extractable soil organic N and microbial biomass N were correlated with each other (Pearson's correlation coefficient r > 0.90, P < 0.001), indicating that those properties covaried. Extractable soil organic C also co-varied moderately with other soil properties (Pearson's correlation coefficient r < 0.8, P < 0.01). As such, soil pH, inorganic N and extractable soil organic C were used to evaluate relationships between soil properties and the relative abundances of specific taxa.
Phyla showing a switch-like trendline (Figs 2 and 3) were all significantly correlated with soil pH, and inconsistently correlated with soil inorganic N or extractable organic C (Supplementary Table 2 ). In contrast, phyla showing a curvilinear, risingto-maximum or declining-to-minimum trendline were consistently and significantly correlated with soil inorganic N, but irregularly with soil pH or extractable organic C. And unsurprisingly, soil properties were not correlated with phyla showing a constant trendline along land use change and turf development, including Proteobacteria, Verrucomicrobia, Ascomycota and Zygomycota. These relationships also held true for lower rank bacterial and fungal taxa (e.g. class and order) as well as for bacterial taxonomic groups involved in N cycling (Fig. 5) . For example, the relative abundance of Eurotiomycetes, a class of Ascomycota and having a declining-to-minimum trendline (Fig. 3) , was significantly correlated with soil inorganic N (Pearson's correlation coefficient r = −0.85, P < 0.001).
DISCUSSION
Microbial alpha-diversity remained stable over a century-long turf development
Shannon evenness and diversity index differed among turfs of different age, but coefficient variations were small, being 5.4% and 7.7% for bacteria and fungi, respectively. This, together with no change in bacterial and fungal richness, indicated that Relative abundances of genes involved in soil N processes in pine stands and bermudagrass systems of different ages predicted from the bacterial marker gene 16S rRNA using PICRUSt. Gene abundances are calculated as: K01183 for chitinase, K00260 + K00261+ K00262 for mineralization, K10535 for nitrification, (K00362 + K00363)/2 + K03383 for DNRA, K00366 for assimilatory NO3 − reduction to NH4 + , (K00370 + K00371 + K00374)/3 + (K02567 + K02568)/2 for dissimilatory NO3 − reduction to NO2 − , K00368 for dissimilatory NO2 − reduction to NO, (K04561 + K02305)/2 for dissimilatory NO reduction to N2O, K00376 for N2O reduction to N2, and (K02588 + K02586 + K02591)/3 for biological N2 fixation. All data were normalized to the highest values of individual processes, which were set to one. alpha diversity remained relatively stable over a century-long turf development, although soil organic matter and microbial biomass increased up to 3-fold. Microbial alpha-diversity (e.g. taxon richness) at a given habitat is affected by a number of factors, including heterogeneity, disturbance and biotic interactions (Torsvik, Øvreås and Thingstad 2002) . Heterogeneity often positively affects biodiversity because it helps to create more divergent niches for species adaptation and also for limitation of competitive exclusion (Tilman and Kareiva 1997; Amarasekare 2003; Stein, Gerstner and Kreft 2014) . Fine-scale heterogeneity is an important attribute of soil, and aggregates in different sizes provide niches Figure 6 . Relative abundance of genes involved in soil organic C degradation in pine stands and bermudagrass systems of different ages predicted from the bacterial marker gene 16S rRNA using PICRUSt. (A) The abundance of all key genes for encoding extracellular enzymes for organic C degradation relative to the abundance of genes of total enzyme family. (B) The abundance of individual genes for encoding extracellular enzymes for organic C degradation relative to the abundance of genes of total enzyme family. Genes are annotated as: K01178 for glucoamylase (SGA1, EC3.2.1.3), K01187 for alpha-glucosidase (malZ, EC3.2.1.20), K01181 for endo-1,4-betaxylanase (xynA, EC3.2.1.8), K01805 for xylose isomerase (xylA, EC5.3.1.5), K01188 for beta-glucosidase (EC3.2.1.21), K05349 for beta glucosidase (bglX, EC3.2.1.21), K05350 for beta-glucosidase (bglB, EC3.2.1.21), K01179 for endoglucanase (EC3.2.1.4), K01184 for polygalacturonase (EC3.2.1.15), K01728 for pectate lyase (pel, EC4.2.2.2), and K03862 for vanillate monooxygenase (EC1.14.13.82).
with different organic C contents, nutrients, pores, water and aerobic conditions (Sexstone et al. 1985; Elliott 1986; Rieu and Sposito 1991) . Such microhabitat diversity has been deemed an important driver for promoting microbial species coexistence through immense resource partitioning and large reduction of competition pressure (Ettema and Wardle 2002; Vos et al. 2013) . Since soil aggregation is often positively associated with soil organic C content (Angers 1992; Cambardella and Elliott 1993) , we expected that soil microbial richness would increase as soil organic C accumulated with turf development. Yet soil bacterial and fungal richness remained unchanged over the turf development.
Here, we provide two possible explanations. One is that in our sandy soil, immense Bermuda grass fibrous roots contributed largely to soil aggregation (De León-González et al. 2007) . Roots often developed rapidly and thus the amount of fine roots and root biomass, specifically for the topsoil where samples were taken, might have little difference between young and old turfs. As such, fine-scale soil structural heterogeneity might change little over the turf development. The other explanation is that soil structural heterogeneity imparted by soil organic matter, microbial biomass and frequent disturbance (mowing and irrigation) could reach conditions closer to species fitness optima during the early turf development. Therefore, the number of species remained similar between young and old turfs. Lynch et al. (2004) documented that microbial diversity could be described as a broken stick model of soil organic C (or microbial biomass) and it increased monotonically with soil organic C up to 1.7%. Even in young turf, soil in the root zone contained 1.3% of organic C, close to the proposed ceiling for supporting highest microbial diversity.
The deep-sequencing technique also helped reconcile incongruent findings on the effects of land use change from pine to turf on microbial diversity , which revealed no effect using CLPP, but did using PLFA. The present study showed that bacterial diversity was unaffected, but fungal OTUs and Shannon index were significantly affected by land use change. The number of fungal OTUs was reduced in young turf perhaps because mechanical disturbance during turf construction severely damaged fungal hyphae. However, Shannon index was significantly lower in pine than turfs, suggesting that fungal species were less evenly distributed in pine. More acidic pH and poorer substrate quality in pine might exert stronger selection pressures to favor species dominance, e.g. Basidiomycota.
Ecological factors influencing microbial community shifts along turf development
Land use types often play a dominant role in structuring soil microbial communities (Drenovsky et al. 2010; Lauber et al. 2013) . Several studies that compared land use/cover change, management practices and edaphic factors have consistently shown that land use/cover is the predominant driver to shape the soil microbial community (Yao et al. 2000; Steenwerth et al. 2002; Allison et al. 2005) . This is also the case in our study where soil microbial community compositions differed primarily between turf and pine, and secondarily among turfs of different age.
Hefty impacts of land use/cover change on microbial community composition are usually associated with large scale and multiple variations in resource (e.g. substrate quality and quantity) and environment (e.g. soil pH, water availability and aeration conditions). Land use change from pine to turf lessoned soil acidity, eased soil water stress by frequent irrigation, and improved organic matter quality. These might trigger microbes having contrast physiological traits, such as acidophiles versus neutrophils, and oligotrophs versus copiotrophs, to react differently. Indeed, several microbial phyla and classes showed switch-like changes following land use change from pine to turfs, including Acidobacteria, Planctomycetes and Basidiomycota at the phylum level, and Alphaproteobacteria and Betaproteobacteria at the class level.
Acidobacteria have been considered as oligotrophs or K strategy microbes that compete better at oligotrophic environments (Smit et al. 2001; Fierer, Bradford and Jackson 2007) . However, Acidobacteria contains a wide range of physiologically diverse members and therefore generalizations made at the phylum level may not always appear at lower taxonomic levels (Jones et al. 2009; Navarrete et al. 2013; Navarrete et al. 2015; Kielak et al. 2016) . In fact, the two class members, Acidobacteria-6 and Solibacteres, changed in sharp contrast to land use change from pine to turf, with the former abruptly increasing and the latter decreasing. Our data suggest that Acidobacteria-6 preferred more neutral and nutrient-rich conditions, whereas Solibacteres proliferated well under more acidic and nutrient-poorer conditions. Members of Proteobacteria also differ largely in terms of physiological traits and growing requirements. Alphaproteobacteria, the oligotrophs, were found to be more abundant in pine than turfs, and vice versa for Betaproteobacteria, the copiotrophs. Such resource-driven impacts were also reflected in fungal taxon shifts. Basidiomycota, the key degraders of woody and recalcitrant materials dominated in pine, but not in turf.
The most striking and unexpected finding was the similarity of bacterial community compositions between the youngest and oldest turfs. This was inconsistent with our previous result generated from CLPP and PLFA techniques, showing that microbial community compositions were well separated between the youngest and oldest turfs . Such discrepancy was likely due to methodological limitations of coarselevel techniques (i.e. CLPP and PLFA), such as non-specificity between microbial taxa and chemical signatures (or metabolic changes) as well as under-or over-representations of certain microbial groups (Klamer and Bååth 2004; Jangid et al. 2008; Frostegård, Tunlid and Bååth 2011) . Although PCR-based amplicon sequencing for microbial community analysis is also subject to defects, including PCR biases, it greatly improves the breadth and depth to cover and classify diverse microbes. Our deepsequencing data revealed that only a small fraction of microbes followed a monotonic or asymptotic trend of turf age, including a bacterial phylum Nitrospirae and a fungal class Eurotiomycetes. The significant correlation of Nitrospirae with soil N suggests that this phylum was driven primarily by resource availability. Eurotiomycetes also appeared to be highly associated with resource availability, being more abundant in a less fertile environment (Simões et al. 2015) . This raises an important question: which factors can overthrow the apparent controls of resource availability on microbial abundance, resulting in taxon abundance as a curvilinear function of turf age?
Soil pH has been shown to exert significant controls over microbial diversity and abundance, with the abundance of Acidobacteria decreasing but Actinobacteria and Bacteroidetes increasing with soil pH ). We also observed a negative association between the relative abundance of Acidobacteria and soil pH. However, no or negative correlation of Bacteroidetes or Actinobacteria with soil pH suggests either that the two phyla are less sensitive to soil pH than Acidobacteria or other factors are more important. Inorganic N showed the most significant correlations with the abundances of microbial taxa, having a curvilinear trend along turf development. Still, it is difficult to explain the curvilinear trendline because soil inorganic N content was so dynamic. Not only was it associated with soil organic C and N, but it was also affected by mineralization during soil preparation. Resource competition among microbial species may also play roles in modulating species abundances, and yet it is unclear how repeated management events, such as pesticide and herbicide use, intervene in microbial resource competition.
Functional gene abundances of N and C cycling in pine versus turf
One of the major components of land management is fertilization, specifically N, the most needed element for ecosystem productivity. Long-term fertilization often leads to a significant portion of N sequestered in soil organic matter and then transformed through various N species, including ammonium, the sole source of autotrophic nitrifiers. As a result, nitrifier abundance is usually greater in agricultural soils than in natural and unmanaged soils (Myrold 2005) . Our prediction of the bacterial nitrification function was well in line with this generation, being ∼2-4-fold greater in turfs than pine. In contrast, in natural and unmanaged ecosystems, plant-available N is mainly provided through microbial N mining processes, e.g. organic matter decomposition and microbial N fixation. As expected, the relative abundance of genes involved in soil organic C degradation was greater in pine than turfs, although individual genes showed mixed results between pine and turfs, perhaps due to differences in organic matter biochemistry. Correspondingly, the abundances of genes involved in chitin depolymerization and N mineralization were greater in pine than turfs. It also suggests that fungal biomass turnover was a critical process of N cycling, since chitin is the major constituent of fungal cell walls and fungal biomass was greater in pine than turfs, as shown by the 2-fold greater microbial biomass C:N ratio. While we expected that the abundance of genes for N fixation should be greater in pine than turf, our data failed to prove it. This is likely because symbiotic N fixer genes were not included in soil samples, especially for pine samples collected in the open space between pine stands. Nevertheless, based on the predicted gene abundances, pine and turf soils seem to have contrasting N-cycling processes. Pine soil was characterized by tight internal cycling between mineralization and immobilization, whereas turf soil evolved towards open N cycling, with increased potential for nitrification and denitrification and thus N loss.
Despite the alternate lead in functional gene abundances putatively involved in N cycling between pine and turf, the diversity of bacteria involved in N cycling was consistently lower in pine, and community compositions differed substantially between the two. How did community compositional changes contribute to soil and ecosystem processes, such as N transformation rates and N loss from a field? Our previous work demonstrated that potential nitrification rates increased asymptotically with soil organic C and N accumulation following land use change and turf development . And this asymptotic trend agreed with the total nitrifier abundance as well as with the abundances of individual nitrifier taxa, suggesting that nitrifier compositions might be important in regulating N-cycling rates.
For soil samples from this turf chronosequence, total reactive N loss (i.e. the sum of inorganic and organic N leaching and N 2 O-N efflux) was also determined using intact soil cores; N loss per unit of microbial biomass was higher in young and old turfs than middle-aged turfs, in particular after mineral N input (Chen et al. 2018b) (Supplementary Fig. S6 ). The N loss as a cup-shape function of turf age appeared to be tied to microbial community compositional shifts. For example, a fungal phylum Glomeromycota, an important group for forming arbuscular mycorrhizae, was present in middle-aged turfs but not in young and old turfs, and also some bacterial phyla such as Bacteroidetes showed a hump-shaped pattern of turf age. Whether this apparent link is an inevitable result of predictable relations between community composition and function needs to be further investigated.
CONCLUSIONS
Similar to other soil systems, such as cropland, pasture and woodland (Janssen 2006) , the turf ecosystem in our study is dominated by a few bacterial phyla, including Proteobacteria, Actinobacteria, Acidobacteria, Bacteroidetes, Chloroflexi, Planctomycetes and Nitrospirae, and by a fungal phylum, Ascomycota. While both bacterial and fungal community compositions differed between pine and turf and also changed along turf development, microbial taxon richness was less affected. The community compositions of N-cycling bacterial groups were also modified by land use change and turf development. Several soil properties, such as pH, organic C and inorganic N, could explain the bacterial and fungal community variations. The most striking findings of this work along the turf development were: (i) microbial taxon richness was independent of resource availability, i.e. soil C and N content; (ii) only a small fraction of microbial taxa varied monotonically with soil organic C and N; and (iii) microbial community composition showed a curvilinear function of turf age. Not only did turf, an apparent copiotrophic environment, harbor diverse microbial taxa, but also the abundances of most taxa from the phylum to OTU level changed nonlinearly along turf development.
